Abstract. The widely used multireader multicase ROC study design for comparing imaging modalities is the fully crossed (FC) design: every reader reads every case of both modalities. We investigate paired split-plot (PSP) designs that may allow for reduced cost and increased flexibility compared with the FC design. In the PSP design, case images from two modalities are read by the same readers, thereby the readings are paired across modalities. However, within each modality, not every reader reads every case. Instead, both the readers and the cases are partitioned into a fixed number of groups and each group of readers reads its own group of cases-a split-plot design. Using a U-statistic based variance analysis for AUC (i.e., area under the ROC curve), we show analytically that precision can be gained by the PSP design as compared with the FC design with the same number of readers and readings. Equivalently, we show that the PSP design can achieve the same statistical power as the FC design with a reduced number of readings. The trade-off for the increased precision in the PSP design is the cost of collecting a larger number of truth-verified patient cases than the FC design. This means that one can trade-off between different sources of cost and choose a least burdensome design. We provide a validation study to show the iMRMC software can be reliably used for analyzing data from both FC and PSP designs. Finally, we demonstrate the advantages of the PSP design with a reader study comparing full-field digital mammography with screen-film mammography.
Introduction
In multireader multicase (MRMC) studies, a number of readers (e.g., radiologists) read medical images of a number of patient cases for a specified clinical task (e.g., cancer detection) and the diagnostic performance is evaluated. In the most general case, both readers and cases are treated as random representative samples from their respective populations. By accounting for both reader and case variabilities, the reader-averaged diagnostic performance can be generalized to both the reader and case populations, thereby providing direct evidence of device efficacy. Because both sources of variability are often substantial, sufficiently large numbers of readers and cases are needed to achieve a desired precision such that a difference in performance between two imaging modalities can be found statistically significant. The theme of this paper is to investigate study design strategies for MRMC studies that may allow for reduced cost and increased flexibility.
The most widely used MRMC study design for comparing two modalities is the fully crossed (FC) design: every reader reads every case of both modalities. 1 By pairing both readers and cases across modalities, the FC design builds a positive correlation between the performances of two modalities and reduces the variability of the performance difference. 1, 2 Formally, the variance of the performance difference is E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 1 ; 6 3 ; 1 4 whereÂ ðiÞ is the performance estimate for modality i and ρ is the correlation betweenÂ ð1Þ andÂ ð2Þ . Typically, ρ > 0 and the correlation reduces the variability of the performance difference. Throughout the paper, we assume the diagnostic performance metric is the area under the receiver operating characteristic curve (AUC) (unless noted otherwise) as this is a meaningful and widely used metric. 1 Now, by having every reader read every case, the FC design is cost-effective in terms of the total number of readers and the total number of cases. 3 However, as Obuchowski 3 pointed out for the FC design, "study length (i.e., the number of total readings) and the time commitment of individual readers (i.e., the number of readings per reader) can be great."
Alternative study designs have been investigated in the literature. Obuchowski 3 compared several designs including the traditional FC design, unpaired designs (either the cases or the readers or both are unpaired across modalities), and a hybrid design in which both readers and cases were paired across two modalities, but, within each modality, each reader read his/her own group of cases of both modalities. Obuchowski found that, not surprisingly, the unpaired designs had significant power disadvantages due to lack of correlation as explained in the previous paragraph. The FC design is powerful but requires a long study duration and a heavy workload for each reader. The "hybrid design" was shown to be very competitive in terms of study length and the time commitment of individual readers, but it requires a very large number of patient cases to be collected and truth-verified.
In an effort to reduce the number of cases, Obuchowski 4 proposed the "mixed" MRMC design in which both readers and cases were paired across two modalities and, within each modality, they were divided into a number of independent reader or case groups and each group of readers read their own group of cases. Obuchowski showed that the "mixed" design was a promising alternative borrowing strengths from both the FC design and the hybrid design. Later, this design was called the split-plot design and different analysis methods were compared 5 and refined. 6 In this paper, we call this design the "paired split-plot" (PSP) design to reflect the fact that both readers and cases are paired across modalities, and the split-plot design is used within each modality.
Despite the aforementioned publications showing potential advantages of the PSP design, we have rarely seen its use in real-world studies, either in the peer-reviewed literature or in the premarket applications submitted to the Food and Drug Administration for regulatory review. This is likely due to the deeply rooted notion that the FC design is the "most" powerful and that many validation studies for freely available software tools assume a FC design. However, the notion that the FC design is most powerful only means that, by having all the readers read all the cases, one can obtain the most information possible from the given numbers of readers and cases. This notion essentially considers the sample sizes (readers and cases) as the only resource needed to achieve certain statistical power. However, the workload of the readers (i.e., the number of readings) is another cost of a study, and frequently a major one. In this work, we show that, when both sample sizes and reader's workload are considered, the PSP design can be more cost-effective than the FC design, which is similar to the notion that Obuchowski 4 demonstrated by showing how the estimates of certain Obuchowski-Rockette model parameters are affected by different designs. In our work, we provide a mathematical proof with easy-to-understand formulas showing statistical efficiency/power gain of the PSP design compared with the FC design when the number of readings for each reader is the same. We then put the theoretical analysis into practical perspectives by comparing different designs in terms of power and cost trade-off under a variety of simulation conditions. Furthermore, we present a real MRMC study, the VIPER study (validation of imaging in premarket evaluation and regulation), 7 which used the PSP design. We use the parameters estimated from this real study to further compare different designs. Finally, in the appendix, we present a simulation study validating the freely available iMRMC software 8 and show that it works equally well for for both FC and PSP designs.
Efficiency Gain of Paired Split-Plot Designs
In this section, we present theoretical analyses to demonstrate that, with fixed number of readers and fixed workload per reader, the PSP design is more efficient than the FC design for both measuring the performance of a single modality and for comparing two modalities.
Theoretical Analysis: Single Modality
In a FC design with N R readers each reading N 0 nondiseased cases and N 1 diseased cases, the reader-averaged empirical estimate of AUC for a single modality is E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 3 2 6 ; 7 5 2Â
where x ir and y jr are the rating scores (e.g., level of confidence that cancer is present) of reader r on the nondiseased case i and diseased case j, respectively, and sðx; yÞ is the kernel function E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 1 ; 3 2 6 ; 6 8 1 sðx; yÞ ¼
Note that we use the "hat" notation for "an estimate" of a population parameter and we will use upper-case X and Y to denote random variables corresponding to the observations x ir and y jr , respectively. Gallas 9 showed that the MRMC variance ofÂ can be written as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 3 2 6 ; 5 6 0
where c i ði ¼ 1; : : : ; 4Þ are determined by N 0 and N 1 E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 1 ; 3 2 6 ; 4 6 4
and the M l ðl ¼ 1; : : : ; 8Þ are the second-order moments of the kernel function s (E denotes "expectation")
The unbiased estimators of these moments are provided in Gallas. 9 This approach has been developed based on a probabilistic foundation of MRMC analysis [9] [10] [11] [12] and was later found to be identical to the U-statistic approach. 13, 14 We define two variance-component parameters. The first decreases with the number of readers [Eq. (3) ]. The second is independent of the number of readers [Eq. (4)] E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 3 ; 3 2 6 ; 1 8 6
and E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 4 ; 3 2 6 ; 1 2 5
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 5 ; 6 3 ;
To understand the meaning of V R and V C , note that the MRMC variance in Eq. (2) can be decomposed into three components: reader variability purely due to the finite number of readers, case variability purely due to the finite number of cases, and variability due to reader by case interactions, which are expressed as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 6 ; 6 3 ; 3 7 1 Var readerÂ ¼
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 7 ; 6 3 ; 3 2 9 Var caseÂ
and E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 8 ; 6 3 ; 2 9 0 Var reader×caseÂ ¼
respectively. It can be seen that V C is identical to the case variability [Eqs. (4) and (7)] and V R (when normalized by N R ) is the combination of reader variability and variability due to reader by case interactions. We now consider a PSP design with G groups (PSPG). For comparison, we assume that the total number of readers and the workload of each reader are the same as those in the FC design, i.e., N R readers each reading N 0 nondiseased cases and N 1 diseased cases. The difference is that all the readers read the same N 0 þ N 1 cases in the FC design whereas, in the PSP design, different groups of readers read different groups of cases. Within each group, however, all the readers read the same group of cases. These are schematically shown in Fig. 1 for the FC design and a PSP2 design. As each group is FC, the variance of the AUC averaged over the N R g readers in the g'th group is given as E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 1 ; 3 2 6 ; 4 4 9
As all the groups are independent, the performance estimateŝ A g ðg ¼ 1; : : : ; GÞ in the G groups are independent (i.e., zero covariance across groups). Noting that
given as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 9 ; 3 2 6 ; 3 4 9
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 0 ; 3 2 6 ; 2 7 4
Comparing Eq. (5) with Eqs. (9) and (10), we see that, for study designs having the same number of readers with each reader reading the same number of cases, Var PSPGÂ < Var FCÂ , i.e., the PSP design is statistically more efficient in estimating the performance of a single modality. More specifically, we see that the precision gain of the PSP design with G groups is due to the shrinkage of the case variability component V C by a factor of 1∕G. Of course the gain of efficiency is not free as when the number of cases read by each reader is held constant, the total number of cases in the PSPG design is G times that in the FC design. Basic statistics principles tell us that, when we have more case samples, we gain more information from cases and the uncertainty of the measured performance due to the finite case sample decreases. The theoretical analysis provided here shows how this happens exactly in the MRMC setting. On the one hand, when the total case sample size increases in the PSP design, the case variability decreases correspondingly although the number of cases read by each reader is the same. On the other hand, the other component in the total variance, namely V R , is the same across designs because it is a function of the number of readers and the number of cases read per reader, which are set to be the same across designs.
Theoretical Analysis: Comparing Two Modalities
To compare two imaging modalities by testing the null hypothesis that the performances of the two modalities, A ð1Þ and A ð2Þ , are equal, we need to estimate the performance difference c
ΔA and construct a test statistic
. Note that we use superscript ðiÞ to denote modality. For the FC design, we have E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 2 ; 6 3 ; 2 5 4
j¼1 ½s ð1Þ ðx ir ; y jr Þ − s ð2Þ ðx ir ; y jr Þ N R N 0 N 1 :
Comparing this equation with Eq. (1), we see that we just replace the kernel function s in the single-modality AUC formula with s ð1Þ − s ð2Þ in the AUC difference formula here. It is straightforward to see that the variance formulas in Eqs. (2)- (10) We define V Δ R and V Δ C in a fashion similar to V R and V C in Eqs. (3) and (4) by replacing the M k parameters with M Δ k ðk ¼ 1; : : : ; 8Þ. In the end, under the setting that the FC design and the PSPG design have the same number of readers each reading the same number of cases, we have the variance of AUC difference for these two designs in Eqs. (11) and (12), respectively. Again, we see that the V Δ C component of the variance would shrink by a factor of G in the PSPG design as compared with the FC design. Because statistical power is inversely related to the variance of the AUC difference, the PSPG design is more powerful in comparing two modalities given that the number of readers and the number of cases read per reader (workload) are the same E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 1 ; 3 2 6 ; 2 4 2
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 2 ; 3 2 6 ; 2 0 0
Comparison of Paired Split-Plot with Fully Crossed Using Analytical Computations under the Roe and Metz Simulation Model
The purpose of this section is twofold. First, we put the theoretical variance analysis in the previous section into a more practical perspective by comparing the statistical power between the PSP design and the FC design under a variety of simulation conditions. This is not a simulation study, but we use a simulation model to explore different levels of reader and case variability (variance-component structures). Second, we show that a trade-off can be made between the total number of cases and the workload per reader in choosing the most cost-effective design for achieving the same power. In practice, the computational procedure presented here can be used to choose a costeffective design based on real parameters (e.g., measured in a pilot study) rather than the simulation parameters as we do here. The simulation model and simulation parameters were initially developed by Roe and Metz 15 and have been frequently used in validating analysis methods. Roe and Metz 15 developed a linear mixed effect model to simulate reader study data E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 3 ; 6 3 ;
where X ijkt denotes the rating by reader j using modality i for the likelihood of case k being diseased (e.g., a malignant lesion is present in the image), whereas the truth state is t (t ¼ 0 for nondiseased and t ¼ 1 for diseased). The Greek letter μ denotes a fixed modality effect and the remaining terms denote random effects, which are independent zero-mean Gaussian random variables with variance parameters denoted as
E , respectively. These variance parameters can vary with the modality and the truth state in general, 16 but, for simplicity, they were set in Roe and Metz 15 to be the same across modalities and across truth states. Roe and Metz 15 provided several sets of variance parameters, which we adopt as shown in Table 1 . These parameters have different combinations of high or low data correlation (the first H or L letter in the "structure" column of Table 1 ) and high or low reader variability (the second H or L letter in the "structure" column of Table 1 ). To simulate three levels of AUC values (expectation over the population of readers and the population of cases), we change the separation of the scores from nondiseased and diseased cases by setting the μ it parameter as μ i0 ¼ 0 and 16 which has been implemented in the iRoeMetz software. 17 Using these moment parameters and specified sample sizes, we can compute the variance of the AUC difference using the methods described in Sec. 2. Under normal approximation, the statistical power for a two-sided test at the significant level α with critical values AEz α∕2 is E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 4 ; 3 2 6 ; 5 3 2
where z α∕2 ¼ 1.96 for α ¼ 0.05. Specifying the number of readers N R ¼ 16 with each reader reading N 0 ¼ 80 nondiseased cases and N 1 ¼ 60 diseased cases, we computed the variance and statistical power for the FC design and PSP designs (with 2, 4, and 8 groups, respectively) for each set of the Roe and Metz model parameters ( Table 1) . The results are shown in Table 2 . There are two kinds of cost that can be considered in comparing study designs. One is the cost associated with the radiologist's time, which can be represented by the total number of readings. The other is the cost for collecting and truth-verifying patient cases, which can be represented by the total number of cases. For the results shown in Table 2 , we held the total number of readings the same across study designs and showed that the PSP designs gain efficiency/power with increased cost of collecting and truth-verifying more cases. We can also compare the number of readings and the number of cases needed to achieve the same statistical power, allowing a trade-off between the two kinds of cost being made such that the total cost is minimized.
We again assumed 16 readers in each of the four designs: FC, PSP2, PSP4, and PSP8. Utilizing Eq. (14), the fixed number of readers (i.e., 16), and a fixed ratio (3:4) of the number of diseased cases to the number of nondiseased cases, we iteratively solved the number of cases each reader needs to read such that a power of 80% is achieved. The results are shown as "cases per reader" in Table 3 . Then, the total number of readings is simply the "case per reader" times 16 and therefore they are equivalent for comparison purpose. The total number of cases that need to be collected and truth-verified is the number of cases per reader times 1, 2, 4, and 8 for the FC, PSP2, PSP4, and PSP8 designs, respectively (shown as "total number of cases" in Table 3 ). From this table, we can see that one can make a trade-off between "cases per reader" and the "total number of cases" to choose the most cost-effective design. If patient cases are precious, one would certainly choose the FC design as it requires the least number of cases. If many cases are already available and reader's time is the major cost of the study, which is typical in many retrospective studies, one can choose a PSP design to reduce the workload of readers.
VIPER Study
From the results in Sec. 3, we have seen that the relative advantage of one design over the other would depend on the variancecomponent structure. It is known that some of the Roe and Metz simulation parameters may not be realistic. 18 Thus, it is useful to further compare different designs with realistic variance parameters estimated from real data. We used the iMRMC software 8 to analyze a real dataset, and, based on the estimated parameters, we compared the PSP design to the FC design. We have validated our software to analyze both FC and PSP data (see Appendix A, for a validation study using simulations).
The real dataset is a study on design methodologies surrounding the validation of imaging premarket evaluation and regulation called VIPER. 7 The VIPER study compared fullfield digital mammography (FFDM) to screen-film mammography (SFM) for women with heterogeneously dense or extremely dense breasts. All cases and corresponding images were sampled from Digital Mammographic Imaging Screening Trial 19 archives. This is a retrospective reader study contracted to Medical University of South Carolina (MUSC). The institutional review board of MUSC approved the study.
Here, we analyze one of the VIPER reader studies and use the estimated variance parameters to compare a PSP design with a related FC design. In this VIPER reader study, we used the PSP4 design with 20 readers divided into four groups (i.e., each group had five readers). Using design, each group of readers were to read 60 cases with an enriched cancer prevalence of ∼50%. However, the split was not perfectly balanced and the numbers of diseased and nondiseased cases per group are slightly different from the original design. The case sample sizes for the four groups are shown in Table 4 . In this table, we also show the moment parameters estimated from this dataset using our iMRMC software along with the AUC values, their Table 3 Comparison between the FC design and PSP designs in terms of the number of cases read by each reader and the total number of cases to achieve 80% power (16 readers are assumed for all the designs and so the total number readings is 16 times the "case per reader"). difference, and the associated standard errors. The results show that FFDM's AUC is slightly inferior to the SFM's by 0.025 with a standard error (SE) of 0.025 and an ∼95% confidence interval (CI) of (−0.07 and 0.02). Given the components of variance in Table 4 , we can estimate the variance of an FC study where 20 readers read the same 27 diseased cases and the same 32 nondiseased cases in both modalities [using Eq. (2) or Eq. (5)]. The SE of the AUC difference from such an FC study would be 0.039 [∼95% CI (−0.10 and 0.05)]. Compared with the PSP4 study, the FC study has 25% the cases (59/239) and the same number of reads per reader and in total. The trade-off for the reduced cost of collecting and truth-verifying 25% of the cases is more uncertainty: the SE of the AUC difference from the FC study would be 56% larger than the PSP4 study.
For demonstration, we also show how to size a noninferiority study to achieve a specific power. A reasonable hypothesis to establish is that the diagnostic performance of FFDM is noninferior to that of SFM. We assume an effect size ΔA ¼ 0 based on the fact that their technological characteristics are similar and the clinical performance reported in the literature shows that FFDM is generally noninferior to the SFM. We specify a noninferiority margin δ of 0.05 in AUC. In addition, we assume the ratio of the number of diseased cases to the number of nondiseased cases to be 0.75. Then for a fixed number of readers, we iteratively solve the number of cases needed for a target power of 80%. The computational procedure was similar to that in Sec. 3 except that the power for a noninferiority study is (using normal approximation) E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 4 ; 3 2 6 ; 1 8 5 
We set the number of readers as 16 or 20 for the following designs: FC, PSP2, and PSP4. The results are shown in the bottom section of Table 4 . We demonstrate again that one can assess the following in choosing a cost-effective design: how many readers are available, the cost of collecting and truthverifying patient cases, and the cost of reading the cases by the readers. If a large number of cases are already available Estimated moment parameters and the cost of collecting and truth-verifying cases is thus minimal, then a PSP design is preferred because the workload of each reader and the total number of reads are substantially reduced. For example, when N r ¼ 16, using the PSP4 design each reader would need to read 153 cases as compared with 408 in the FC design.
Discussions and Conclusion
In this work, we investigated the PSP design for MRMC reader studies and compared it with the widely used FC design. From the theoretical perspective, we analytically showed how statistical efficiency can be gained by the PSP design as compared with the FC design when the number of readings is the same across designs. We then used analytical computations to compare the two designs under a broad range of model parameters in terms of statistical efficiency/power, the number of reads per reader, and the number of cases that have to be collected and truth-verified. The results in Tables 2 and 3 showed that a trade-off can be made between the reader's workload and the collection and truth-verification of patient cases. Moreover, such a trade-off would depend on the true variance-component structure. Therefore, we further compared the two designs using variance-components estimated in a real study. The VIPER study results indicated that substantial precision can be gained by the PSP design with the same reading workload and more patient cases. This means that, when the same cases are read again and again by multiple readers, the benefit of adding readers is subjected to diminishing returns. On the other hand, by having the readers read different cases (PSP) rather than the same cases (FC), substantial precision can be gained with fewer number of reads. In the meantime, it should be noted that this gain of precision may be associated with the extra cost of collecting and truth-verifying more cases. We further note that, in addition to these cost considerations, the PSP design offers practical flexibilities. For example, the study duration may be shortened because each reader reads fewer cases. Furthermore, in a study that involves multiple institutions, the readers may read the cases from their own institution thereby avoiding the need for shipping the cases around the country, assuming the study conditions can be well controlled and readers and patient cases from each institution are representative of their respective population. These findings are consistent with those of Obuchowski 4 who compared the PSP design with the FC design by showing how the Obuchowski-Rockette (OR) model parameters vary across the two designs. In this work, we employed the U-statistic variance analysis of the AUC to explicitly show the variance difference between the two designs using simple analytical formulas (Fig. 1) .
These investigations have important practical implications. When patient cases are precious, one may choose the FC design to take full advantage of the cases that are available. On the other hand, when many cases are available and the study is mainly limited by the cost of the radiologist's time, one may choose to have the radiologists read fewer but different cases in a PSP design. If variance-component parameters are available (e.g., from pilot studies or previously published similar studies), one can quantify various sources of cost and compare the overall cost of different designs to choose the most cost-effective one.
We have assumed the same number of readers in comparing the FC design with the PSP design throughout this paper. This is mainly to make the analytical comparison easier. For example, in Fig. 1, we show that with the same number of readers each reading the same number of cases, the PSP design is more efficient (less variance) and it requires more cases. Graphically, the shaded area (that represents the number of readings) in this figure for the PSP design is the same as the FC design, but they are split in the vertical direction. Alternatively, we can split the shaded area in the horizontal direction and show that the PSP in that way is more efficient than the FC design. This is a setting that requires more readers. In reality, one may typically collect more cases, recruit more readers, or both, in the PSP design than in the FC design. The benefit is, as we have showed, fewer readings are needed to achieve the same precision (efficiency).
We note that the amount of PSP-versus-FC efficiency gain given the same reader workload depends on the variance components of the problem, as we have showed in Table 2 . This is also evident from our analytical results in Eqs. (11) and (12) . Because only one variance component, namely V C , is reduced in the PSP design compared with the FC design, the efficiency gain can be small if this component is very small compared with the other variance components (i.e., V C ≪ V R ). Similar analytical results may be obtained in terms of the OR model parameters using the marginal-mean ANOVA approach developed by Hillis. 6 This is interesting future work because one can survey the published studies analyzed by either methods to compare study designs in a broad range of real-world applications. For readers who are familiar with the OR model, we showed a connection between the U-statistic parameters (V C and V R ) and the OR model parameters in Appendix B.
The iMRMC 8 and iRoeMetz 17 software can be used to aid the design process as it can compute the variance and statistical power for different designs and sample sizes. We also validated the iMRMC software's statistical inference functionality using simulations and showed that it can be reliably used to analyze data from both the FC and PSP designs. However, we should point out that the current version of the iMRMC software only supports the binary performance endpoint (e.g., sensitivity and specificity) and the AUC endpoint estimated by the trapezoidal/ Wilcoxon method, which is appropriate for ROC data collected on the multilevel ordinal or the (quasi-)continuous scale. Alternatively, one can use the software from the University of Iowa 20 that implements the Obuchowski-Rockette method for MRMC study sizing and analysis, 5, 21, 22 especially when partial AUC or semiparametric estimate of AUC is the preferred endpoint.
In conclusion, the PSP design is a useful alternative to the widely used FC design in MRMC studies. The PSP design may substantially reduce the cost of reader studies as compared with the FC design in many applications. The freely available iMRMC software 8 can be used to aid the design (sizing) of an MRMC study and analyze data for both the FC and PSP designs. The software is platform independent with a graphical user interface (see Fig. 2 for screen shots). It is well documented and actively maintained. In its core, the software uses the trapezoidal/Wilcoxon method to estimate the AUC (a U statistic) and applies the U-statistic method to estimate the MRMC variance, which has been validated as an unbiased estimator. 9, 13, 23 For statistical inference, the test statistic E Q -T A R G E T ; t e m p : i n t r a l i n k -; x 1 ; 6 3 ; 3 4 6 t ¼
r ;
is modeled as a Student's t statistic. 5 We validated the statistical inference functionality of the software by simulating data under the null hypothesis (i.e., two modalities have equal AUC performance) and investigated the empirical type I error rate, which we expected to be close to the nominal level of 5%. Specifically, we simulated MRMC datasets using the Roe and Metz model [Eq. (13)] with specified parameters and analyzed it with our iMRMC software to see if the difference of performance between the two modalities was statistically significant at the significant level 0.05. We repeated the simulations 100,000 times and computed the proportion of experiments that showed a statistically significant AUC difference, which is the empirical type I error rate. We did such simulation validation for three study designs: FC, PSP2, and PSP3. For each design, we varied the following parameters in a fully factorial fashion:
• Variance component parameters with three AUC levels:
we used the 12 sets of parameters in Table 1 except that we changed the values of AUC 2 such that AUC 2 ¼ AUC 1 because we intended to simulate a null hypothesis,
• The total number of readers: N R ¼ 6;12; 18, and
• The total number of cases: N C ¼ 48;90 cases per class.
The simulation results are plotted in Fig. 3 . The results showed that the iMRMC software controlled the type I error rate reliably across a broad range of simulation parameters and study designs.
We do not recommend a reader study with too few readers because they may not represent the reader population. But just to test our software with extreme parameter values, we further performed simulation studies simulating only three readers reading 25 þ 25 cases in an FC fashion. The summary results (Fig. 4) show that the type I error is controlled below the nominal level of 0.05 across all the simulations (though it is a little conservative for some simulation conditions).
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 5 ; 6 3 ; 2 1 9 Var
where N R is the number of readers
The estimate of variance of c
ΔA can be expressed in terms of OR parameters as 6 E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 6 ; 6 3 ; 1 2 4
where MSðT Ã RÞ is modality × reader mean squares, COV 2 is the between-reader within-modality covariance of AUC, COV 3 is the between-reader between-modality covariance of AUC, and Max is a constraint of setting d COV 2 − d COV 3 to zero if it is negative.
Note that the U-statistic variance expression [Eq. (15) ] is for population parameters, whereas the OR expression [Eq. (16) ] is an estimator. The main purpose of this appendix is to show the expectation ("E") of the latter equals to the former, i.e.,
More specifically, we will show that E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 7 ; 3 2 6 ; 3 2 2
and E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 8 ; 3 2 6 ; 2 7 9
Hillis 6 has shown that E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 9 ; 3 2 6 ; 2 4 1
E½MSðT Ã RÞ ¼ σ
where σ 2 TR is the variance of the modality × reader interaction term in the OR model, σ 2 ϵ is the expected variance of a fixedreader AUC, and COV 1 is the within-reader between-modality covariance of AUC. Next, we express each of the parameters on the r.h.s of Eq. (19) in terms of U-statistic parameters.
The empirical fixed-reader AUC is E Q -T A R G E T ; t e m p : i n t r a l i n k -; x 2 ; 3 2 6 ; 1 3 0Â M kjr is the M k conditional on reader r. For example, M 1jr ¼ E½sðX ir ; Y jr Þ 2 jr. Then M k is the expectation of M kjr over the reader population, i.e., M k ¼ E r ðM kjr Þ.
In the two-modality FC setting, σ 2 ϵ ¼ ðE r fVar½ b A 
Similarly, we have E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 2 1 ; 6 3 ; 6 2 4 COV 1 ¼ c 1 M 
and E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 2 3 ; 6 3 ; 5 1 7 COV 3 ¼ c 1 M 
By inserting Eqs. (20)- (24) back to Eqs. (17)- (19) , one can find Eqs. (17) and (18) hold.
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